Background: Estimating disease incidence from cross-sectional surveys, using biomarkers for "recent" infection, has attracted much interest. Despite widespread applications to HIV, there is currently no consensus on the correct handling of biomarker results classifying persons as "recently" infected long after the infections occurred. Methods: We derive a general expression for a weighted average of recent incidence that-unlike previous estimators-requires no particular assumption about recent infection biomarker dynamics or about the demographic and epidemiologic context. This is possible through the introduction of an explicit timescale T that truncates the period of averaging implied by the estimator.
T he measurement of disease incidence-the rate of new cases in a population-is essential for effectively monitoring the spread of disease and for targeting and assessing interventions. Longitudinal studies to directly count new infections are costly, time consuming, and prone to capturing unrepresentative behavior. Estimating incidence by modeling multiple prevalence values requires knowledge of the survival of those affected and unaffected by the condition. For incurable conditions such as HIV, prevalence emerges as a slow convolution (averaging) of historic incidence with survival and the variation in the size of the susceptible population. Thus, changes in prevalence over time are poor proxies for recent incidence. On the other hand, it has long been noted that prevalence of recent infection can be a good proxy for recent incidence. Deriving an incidence estimate from a single cross-sectional survey has enormous practical advantages. There has consequently been considerable interest in developing recent infection tests based on host or viral biomarkers. This approach has been explored particularly in the context of HIV incidence. [1] [2] [3] [4] A number of methodologies have been proposed, [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] and these have been reviewed and critiqued elsewhere. [1] [2] [3] [4] [17] [18] [19] [20] [21] [22] The limitations of current methodologies (using biomarkers of recent infection to estimate incidence) are hindering consensus, the development of test technology, and field implementation. There is no simple solution to the problem of estimating incidence, a rate, from a single cross-sectional survey because there is an unavoidable loss of information when a population history is summarized into an instantaneous population state. Previously proposed estimators have been derived under specific assumptions (known to be substantially violated) concerning both the epidemiologic and demographic context, as well as the behavior of the recent infection tests [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] (as will be described later).
METHODOLOGICAL BACKGROUND
Most tests for recent HIV infection classify persons as "recently" infected based on a "below-threshold" immune response such as antibody titer, avidity, or HIV-specific IgG proportion. [1] [2] [3] There is some evidence, for all tests proposed to date, that a small minority of persons remain classified as "recently" infected long after infection. 9, 10 Additionally, latestage HIV disease or treatment leading to viral suppression may diminish the host immune response, returning longinfected persons to the "recent" infection state. [1] [2] [3] [4] [23] [24] [25] [26] This is the physiologic basis for the introduction of the notion of "false-recent" results, the effects of which are encoded into a population-level parameter widely called the "false-recent rate." 9, 10, 13, 14 This is not a "rate" in the conventional sense, but the proportion of persons not "truly" recently infected, who nevertheless produce a "recent" result with the biomarker. In earlier analyses, dynamics were summarized into only one parameter-a mean duration of recent infection. 5, 7 Much of the analytic complexity and methodological contention arises from the difficulty of formally defining "true-recent" and "false-recent" results. Initially, attempts to account for "false-recent" results were inspired not just by the biologic variability noted earlier, but by a pattern of crosssectional incidence estimates that were higher than prospectively obtained estimates in the same populations. However, as pointed out by Brookmeyer, 18 subtracting "false-recent" results is not the only way to obtain consistency-one can simply account for all times spent in the "recent" state when defining the mean duration of recent infection. In practice, however, this creates other problems. For one, development of a new test, a process that includes the estimation of a mean duration of recent infection, cannot feasibly wait for a decade or 2 of follow-up of a seroconverter cohort. Also, a long duration of recent infection (as defined by existing tests) can cause problematic temporal bias or blurring of incidence estimates-the extreme case being the use of prevalence as a proxy for incidence. Indeed, the notion of recent infection does not provide a totally unbiased estimate of the instantaneous incidence, but, at best, a weighted average of recent incidence, which in principle can be close to a uniformly weighted average during recent times. This statistical weighting may be understood by noting that, as people can persist in the "recent" state for some time, a range of past values of incidence contributes to the current population count of "recently" infected individuals. Kaplan and Brookmeyer 7 and, more recently, Brookmeyer 27 explored this in the special case of incidence varying linearly with time, in which case the temporal statistical weighting can be summarized as a time lag of the incidence estimator, which they refer to as the "shadow." The longer this "shadow," the less informative the estimate, with less power to detect changes in incidence over short periods of time. A key benefit of a rigorous notion of "false-recent" results (in addition to a complementary notion of mean duration of recent infection that is more practical to measure) is the reduction of this temporal bias.
To implement a formally consistent definition of both a "false-recent rate" and mean duration of recent infection, we introduce an explicit time cutoff, T, between "true-recent" and "false-recent" results. To lead to an informative estimator, this cutoff, though theoretically arbitrary, must be chosen to reflect the temporal dynamic range of the test for recent infection. At a time T postinfection, the overwhelming ma-jority of infected people should no longer be testing "recent," and furthermore, T should not be larger than necessary to achieve this criterion. Although this time cutoff is reminiscent of a cutoff in previous analyses, 9, 10 the present work dispenses with problematic assumptions of past analyses that have prevented the widespread estimation of incidence using cross-sectional data on recent infection. The eAppendix (http://links.lww.com/EDE/A590) provides supplementary material for this work.
ANALYSIS
Our exposition proceeds in 4 key steps:
1. The derivation of a simple general expression for a weighted mean recent incidence, which can be constructed without any particular assumptions about the demographic or epidemiologic history or the dynamics of the biomarker used to classify persons with a disease (such as HIV infection) as "recently" or "nonrecently" infected. 2. The derivation of an incidence estimator by expressing the general weighted incidence in terms of (a) quantities that can be known by an experimenter and (b) a bias term, the size of which can be approximately estimated in terms of a number of dimensionless parameters that characterize the failure of the test and context to conform to certain idealizations. 3. The estimation of the test characteristics. 4. The application of the methodology to estimate incidence in simulated scenarios, to confirm the consistency of confidence intervals.
General Expression for Weighted Incidence
A test for recent infection may use an arbitrarily complex combination of criteria to classify infected persons as "recently" or "nonrecently" infected. 3 It is understood that there will be natural intersubject variability in progression through these categories after becoming infected. This range of responses may be captured in a function P R (), which is the probability of still being alive and "recently" infected at a time postinfection. Let P A () denote the probability of being alive at a time postinfection.
Throughout this text, "infection" refers to the detectable infection of HIV, which depends on the diagnostic test being used. Practically, the delay between actual infection and detectable infection merely implies an epidemiologically inconsequential delay in entering the operationally HIV-positive state. This point is explored in more detail in eAppendix 1 (http://links.lww.com/EDE/A590).
Assuming a continuous population dynamic and using the reference time t ϭ 0 as the time at which a survey is conducted, consider the following explicit weighted averaging of incidence over a period of duration T:
where the, possibly time-dependent, incidence is denoted by I(t) and the susceptible population by N S (t). The incidence at time t contributes to I T with weight N S (t)P R (Ϫt), that is, with a weight proportional to (i) the susceptible population vulnerable to being infected at time t, N S (t) and (ii) the probability of a person infected at time t still being alive and "recent" at the time of the survey, P R (Ϫt). It will emerge that, for practical purposes, this is very close to a uniformly weighted average of incidence over a period preceding the survey. There is no exact way to extract either a uniformly weighted average or an estimate of incidence at one point in time, given the substantial compression of information from a population history into a cross-sectional survey. If there is a critical value, T crit , with the property that N S (Ϫt)P R (t) ϭ 0 for all t Ͼ T crit , then all choices of T Ͼ T crit yield the same result-the one obtained by Brookmeyer and Quinn. 5 For any finite value of T, the "shadow," or temporal bias, is strictly less than T, and it is less than T/2 if N S (Ϫt)P R (t) is a strictly decreasing function of time in the interval ͓0, T͔.
In the interpretation of Equation 1, it is useful to consider the labeled areas in the Figure: • Areas A and D (the areas under the curve I(t)N S (t)P R (Ϫt)) represent the "recently" infected population at t ϭ 0, infected for times less than and greater than T, respectively.
A is the numerator of Equation 1. • Areas B and C (the areas between the curves I(t)N S (t) P A (Ϫt) and I(t)N S (t)P R (Ϫt), that is, the infected population excluding the "recently" infected population) represent the "nonrecently" infected population at t ϭ 0, infected for times less than and greater than T, respectively. • Area E (the area under the curve N S (t)P R (Ϫt)) is the denominator of Equation 1.
Hence, Equation 1 can be rewritten as
Previous derivations of incidence estimators have relied on assumptions of (at least recent) epidemiologic and demographic equilibrium, some simplifications of the postinfection recency test dynamics, or both. To elucidate the impact of general nonequilibrium conditions, it is useful to express the crucial time-dependent quantities in terms of time-dependent relative deviations from conveniently chosen constants:
These equations do not represent any approximations or truncated power series, but rather formally arbitrary exact decompositions of I(t), N S (t), and P A (), the point of which is to characterize, rather than assume away, the non-ideal aspects of the population and test dynamics. More specifically, f I (t) is defined to capture the time dependence of the fractional deviation of incidence relative to the weighted incidence as defined in the period preceding t ϭ 0; f N S (t) is defined to capture the time dependence of the fractional deviation of the susceptible population from its instantaneous value at t ϭ 0; and Ϫf P A () is defined as the probability of not surviving for at least a time after infection. The averages, over the period of duration T preceding the survey, of products of f I (.), f N S (.), and f P A (.), will be shown to summarize the effect of these deviations on incidence estimates.
Particular Forms for an Incidence Estimator
Incidence estimation involves expressing Equation 2 as a function of test characteristic parameters, and population states. The key link between the numerator and the population states is
where N R is the size of the "recently" infected population at t ϭ 0 ( Figure) . Various authors have used different terms for the situation that D 0 ( Figure) . These terms have included "misclassification," "false-positivity," "false-recency," "imperfect long-term specificity," the "long tail," or "nonprogression" of the test for recent infection. 9, 10, 14, 15, [17] [18] [19] [20] [21] Formally, the increasingly used term "false-recent rate," ␤ T , given a cutoff T, is defined in this work as the probability that a randomly chosen person infected for more than time T will be classified as "recently" infected by the recency test. A variety of approaches may be used for estimating the area D. For example,
where Epidemiology • Volume 23, Number 5, September 2012 A New General Biomarker-based Incidence Estimator I͑t͒ N S ͑t͒ P A ͑Ϫt͒dt.
Using the parameterization in terms of the dimensionless f I (.), f N S (.), and f P A (.) introduced earlier, this gives:
where the (also dimensionless) ␥ terms capture the consequences of the time-dependence of I(t), N S (t), and P A (Ϫt) as follows:
These ␥ corrections may be positive or negative, but ␥ 3 is always nonpositive.
Substituting the expression for area D (Equation 7 ), and then A ϩ B (Equation 10), into Equation 6, the numerator becomes:
In the denominator of Equation 2,
where
and The mean duration of recent infection, ⍀ T , thus defined, given a cutoff T, is the average time spent both alive and "recently" infected, within a time T postinfection.
Substituting the expressions for the numerator (Equation 18) and the denominator (Equation 19 ) into Equation 2 gives
The right-hand side of this expression contains not only the mean duration of recent infection, ⍀ T ; the false-recent rate, ␤ T ; and the uninfected, "recently" infected, and "nonrecently" infected populations at t ϭ 0, N S ϭ N S (0), N R , and N NR , where N ϩ ϭ N R ϩ N NR , but also the weighted incidence, I T , itself. Rearranging and solving for I T yields
contains all the details that cannot be directly evaluated from an experimenter's point of view.
Using the sample counts of uninfected, "recently" infected, and "nonrecently" infected subjects at t ϭ 0, n S , n R , and n NR , with n ϩ ϭ n R ϩ n NR , a simple estimator of weighted incidence, with relative (fractional) error e, is obtained:
By using definitions of the test characteristics (⍀ T and ␤ T ), which are subtly different from those used previously, 4,9,10,13-15 an incidence estimator is thus obtained in which multiple transitions between "recently" and "nonrecently" infected states are allowed, and no assumption is required about the independence of progression through the "recent"/"nonrecent" states and postinfection survival. This estimator caters to completely general recent infection test dynamics. Bias arising from a nonconstant incidence or susceptible population (in the period T before the incidence study) or imperfect survival (for T after infection) is fully described by e and further discussed later.
The functional form for the estimator in Equation 25 can be obtained directly by assuming the system is in demographic and epidemiologic equilibrium. 15 The present analysis shows that, when the system is away from equilibrium, in particular when incidence is not close to constant, this functional form provides an estimate of a particular weighted average of recent incidence with a fractional bias e. In eAppendix 1 (http://links.lww.com/EDE/A590), the structure and meaning of the terms in e are discussed, and the bias is computed in model scenarios.
The ␥ 8 term, closely related to a bias implicit in all previously proposed estimators, 14, 17 is zero when the susceptible population is constant for T preceding the survey, but a time-dependent susceptible population imposes a fundamental limitation to cross-sectional incidence estimation. This highlights a key motivation for introducing T-namely to decouple the short-term dynamics of the recency test from any long-term dynamics (which become convolved with the epidemiology and demography).
The remaining ␥ terms appear only in conjunction with 2 further multiplicative factors: (i) the fraction, dominated by T and ⍀ T , which is of order unity, or perhaps typically closer in value to two and (ii) a factor of ␤ T . Therefore, if ␤ T is sufficiently small, the estimator can yield an arbitrarily accurate weighted incidence, even when the incidence and survival are varying substantially over the timescale set by T. It is already well known that informative incidence estimation requires that ␤ T be small, 3, 4, 14, 28 and developers of recency tests are seeking new technologies and algorithms to achieve this. 29, 30 Ultimately, the utility of a test for recent infection lies in its ability to produce accurate and precise incidence estimates. The expectation value and variance of the incidence estimator are approximated in eAppendix 2 (http://links.lww.com/EDE/A590). The uncertainty in the estimator, and its dependence on the test characteristics, is context-specific, depending on the historic HIV incidence and prevalence in the study population. The precision of the estimator improves with increasing mean duration of recent infection and with decreasing false-recent rate. This trade-off has been previously noted, 4 with the additional subtlety in the present analysis that the choice of T and the test characteristics are intrinsically related.
As noted in the introduction, the choice of T is theoretically arbitrary, but given the dynamics of available and foreseeable recency tests, it will need to be of the order of 1 year. This implies a "shadow" 7,27 of the order of (but probably comfortably less than) half a year. This is considerably smaller than "shadows" substantially exceeding 1 year, as obtained for a number of realistic scenarios considered by Brookmeyer 27 when using the original one-parameter incidence estimator. 5 Indeed, it implies less temporal bias or blurring than incurred in a cohort followed up for 1 year.
Estimation of the Test Characteristics
As with any method aiming to infer incidence from the cross-sectional application of a recent infection test, use of the newly derived estimator requires measuring some char- 31 The false-recent rate, ␤ T , and the mean duration of recent infection, ⍀ T , are intuitively close to previously proposed definitions. 4, 9, 10, [13] [14] [15] However, the definitions of the test characteristics emerging from this work allow, for the first time, arbitrary and complex test dynamics to be exactly captured. The estimation of each of the characteristics is briefly discussed later, with a slightly more technical discussion provided in eAppendix 3 (http://links.lww.com/EDE/A590).
The false-recent rate, ␤ T , would ideally be estimated by the proportion of "recently" infected subjects in a representative sample of people infected for longer than T. It is also conceivable that ␤ T could be estimated from a combination of convenience samples, knowledge of the dynamics of anomalous subpopulations (who persist in, or return to, the "recent" state despite being infected for a time greater than T) and knowledge of the embedding demography and epidemiology.
The mean duration of recent infection emerges as naturally in longitudinal surveillance settings (where wellpedigreed biologic specimens may be obtained repeatedly over time) as it does in the context of cross-sectional incidence estimation analyzed earlier. An idealized experiment, which revisits initially HIV-negative persons after a time T and counts the frequency of "recent" results in those who have become HIV-positive, provides a direct estimate for ⍀ T , assuming a uniform distribution of infection times over the inter-test interval. Specifically, the ratio ⍀ T /T is the probability that a seroconverter is "recently" infected. This idea can be expanded to account for varying inter-test intervals, depending on available data and knowledge of the recency test dynamics, with an example of such an extension provided in eAppendix 3 (http://links.lww.com/EDE/A590).
More traditionally, measurement of the mean duration of recent infection has been based on the frequent follow-up and recent infection testing of seroconverters. A form of survival analysis or regression can then be used to characterize the time taken to exit the "recent" state or the evolution of the biomarker with time after infection, respectively, thereby estimating the mean duration of recent infection.
Incidence Estimation From the Cross-sectional Application of Tests for Recent Infection
Having derived this new general incidence estimator and having outlined potential approaches for estimating the required test characteristics, we now demonstrate the implementation of the full set of analyses to infer incidence using simulated data.
Assuming a particular epidemiologic and demographic history, postinfection survival, and recency test dynamics, we performed 1000 simulations, each producing (independent) data sets to (i) estimate the false-recent rate, ␤ T ; (ii) estimate the mean duration of recent infection, ⍀ T ; and (iii) provide sample counts to infer incidence, I T , using the incidence estimator in Equation 25 .
The generation of the data sets and the maximum likelihood estimation of the test characteristics are described in eAppendix 4 (http://links.lww.com/EDE/A590). We used asymptotic normality of maximum likelihood estimators (using estimated characteristics as proxies for true values) to approximate distributions for the estimated parameters and to obtain confidence intervals. Confidence intervals for incidence were then based on these results, the approximate normality of the trinomial sample counts (with sample statistics approximating population parameters) and the approximate normality of the incidence estimator and its estimated variance as provided in eAppendix 2 (http://links.lww.com/EDE/A590). Almost exactly 95% of the 1000 thus generated 95% confidence intervals (one for each of the data sets) contained the relevant population parameter used in the simulation (Table) , demonstrating the numerical consistency of the full set of analyses.
DISCUSSION
The use of tests for recent infection to infer incidence is of considerable and increasing interest, especially for HIV surveillance. It is a fundamental limitation that all currently available (and perhaps all conceivable) tests with a long enough mean duration of recent infection for statistical robustness also classify some people with "recent" results at arbitrarily long times after infection. If there were no such "false-recent" results, the use of recency tests for incidence estimation would be straightforward, as shown, for example, by Brookmeyer and Quinn. 5 Various methodological advances to accommodate a nonzero "false-recent rate" have attracted attention, but consensus has not emerged on the best approach. Previous derivations of incidence estimators have relied on strong assumptions, perhaps most crucially that the "false-recent rate" is an innate property of the test, rather than a convolution of test properties with the demographic and epidemiologic context. This assumption is known to be substantially violated.
We suggest here a formal approach to summarize an arbitrarily complicated recent infection test dynamic into 2 parameters, namely a mean duration of recent infection and a false-recent rate. A crucial construct is the introduction of a timescale T, describing the dynamic range of recency. The consequence of relaxing the assumptions made by the incidence estimators developed previously is that demography and epidemiology are no longer perfectly separated from test characteristics, reflecting fundamental limitations to the inference of rates from instantaneous population states. If the false-recent rate is close to zero, the limitations imposed by a nonzero false-recent rate become minor, and its variation over time and place is restricted.
The present analysis offers the opportunity to consistently account for imperfect accuracy and precision of the incidence estimator. The utility of the estimator may be assessed in terms of changes in incidence and the susceptible population over the preceding period of duration T, the probability of survival for T postinfection, and the recency test performance. The cross-sectional incidence estimator will be informative at feasible sample sizes, in a given context, for a suitably well-behaved recency test, that is, a test with a suitably long mean duration of recent infection and low false-recent rate.
The approach presented here is broad enough to recover previously proposed estimators, with minor modification. It also clarifies the use of estimators that do not account for false-recency at all. Setting T to a large value forces the falserecent rate arbitrarily close to zero, and the one-parameter estimator of Brookmeyer and Quinn 5 is obtained. The properties of the test are then summarized by the mean duration of recent infection. However, this mean duration, which is now the average time spent alive and "recently" infected, is considerably more difficult to measure and more likely to change over time than one based on individual durations that are each explicitly limited to T. Also, a large T (effectively infinite, if T is not explicitly introduced) leads to a weighting scheme for averaging incidence that extends far back into the past. For heuristic purposes, the weighted incidence that emerges from the use of a realistically available test and a judicious choice of T can be viewed as a good proxy for the uniformly weighted mean incidence in the period of duration ⍀ T preceding the survey. One may consider whether there is any benefit in using additional parameters to characterize the dynamics of the recency test. 32 Incidence inference would then be based on a more complex distribution of test results than counts of "recent" and "nonrecent" cases. eAppendix 5 (http://links.lww.com/EDE/A590) presents a brief argument that suggests this approach has limited prospects.
Relaxing all formal assumptions about the dynamics of a putative test for recent infection and the demographic and epidemiologic context leads to an estimator that substantially increases the robustness of incidence estimation based on cross-sectional surveys using tests for recent infection. The general analysis leads to a clearer characterization of the utility of the estimator than previously possible. Although the analysis is fundamentally novel, the resulting estimator has similarities to some previously published estimators. 13, 14 These similarities imply that the intuition about the crucial concepts of a false-recent rate and mean duration of recent infection are substantially retained. Numerically, the improvement in incidence estimates implied by the new estimator will vary with context.
Although the motivation for this work has been to improve our capacity to estimate HIV incidence, the methodology is general, and the approach could be applied to estimate incidence of other incurable conditions. Examples of such conditions include viral infections such as herpes simplex virus and human papilloma virus. Future studies should examine the application of the methodology to a wider range of diseases, with the practical challenge being the development of suitable tests for recent infection.
